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ABSTRACT as options, and it seems probable that they will be soon im-
A plemented [3].

The optimal maximum likelihood (ML) sequence de-
ection method for DS-CDMA systems has been proposed
y Verdl [2]. Unfortunately, the Verd's optimal detector

In this paper, robust decorrelating detectors for DS-CDM
communication systems with thestable channel noise are
presented. The proposed detectors are derived using tw

optimization criteria: the leagt, norm (LP) and the max- - ; .
P b (LP) has two essential disadvantages: it requires full knowledge

imum likelihood (ML) criterion. The robust decorrelating ¢ : ¢ interferi " sianal qit
multiuser detection schemes are implemented in an itera-0! Parameters ol interiering users: sighais and 1ts compu-

tive form (with use of the IRLS algorithm), as well as in an tat|orne}Inc?mpIeX|t3'</lg:10ws Expﬁrr:qer;tﬁllgl at|S tnhe r;uTnberhofv
adaptive one (with use of the RWLS algorithm). In order USErs Increases. Many suboptimal detection schemes have

to compare these schemes with the conventional non-robus |ser$en dpr%pgvigse?n;eeri?//:[;irfugfd&nefgtzleg?:;gr\g?ss S:L?E:l”
method, computer simulations are carried out. They Showbased. on the asé motion that the ambient channel no'sey's
that all considered robust detectors significantly outperform umpt ! IS€ 1

the non-robust detection technique. The obtained results OfGaussmn. In fact, in many physical channels, the ambient

Monte Carlo simulations show also relations between per- ?rr?lsel ti?/mi ciu: to Ee deci;lﬁledlyxnor;i—rfa#ts??nn andr hr";s rt:e
formance of the proposed iterative and adaptive detectors in pulsive nature. ESpecially, experimental measurements

. . - of the noise distribution in real wireless channel nfirm
near-far situation, as well as for different levels of channel its ime ulsiviness [b4] 0 € eless els co
noise impulsiveness. P o .

Recently, one can find more and more works which deal

with the robust multiuser detection [5], [6], [7], [8], [9]. In
1. INTRODUCTION most of them, it is assumed that the channel noise is ade-

) o ) ) _ quately modeled by a two-term Gaussian mixture distribu-
The direct sequence code division multiple access is a mainyjon with exponential tails, which belongs to the setzof

stream multiple-access method applied in the third genera-;ontaminated Gaussian distributiof0]. For that reason,
tion (3G) wireless communication systems [1]. Capacity many of robust MUD techniques employ thé-estimation
of DS-CDMA systems, conS|der§d as the number .0f US€TSmethod [5], [7]. However, the results of measurements show
that can simultaneously communicate with a specified level 4t the distribution of an electromagnetic noise in urban
of performance, is soft-limited by multiple-access interfer- gnyironments has heavier than exponential tails, and may
ences (MAI) between the users. MAI arise for lack of or- e approximated by the-stable distributions [11]. Perfor-
thogonality of signature sequences assigned to particulatmance of multiuser decorrelating detectors in the presence
users in the system [2]. A number of techniques have beenyf the o-stable channel noise has been studied in [7] and
proposed to mitigate deterioration of system performanceg) |n hoth cases, the detection schemes were based on the
caused by MAI. Some of these techniques, such as spready ;_astimation method.
ing sequence design, forward error correction (FEC) or po- |, his paper, two robust decorrelating detectors for DS-
wer control algorithms (PCA), are now used in commer- cp\a systems with then-stable channel noise are pro-
cial 3G systems. Other advanced methods combating MA, oseq. They are based on minimizing specific cost functions
like multiuser detection (MUD), smart antennas and space-fo, ropyst regression: thig norm of estimation errors, and
time processing are mentioned in 3G system specificationshe fynction derived from the maximum likelihood estima-
This work was supported by the Department of Scientific Research tion criterion. In the latter case, it is assumed that the chan-
and Information Technology under grant 3T11D 006 27. nel noise is modeled by the Cauchy distribution= 1).




The paper is organized as follows. In Sec. 2, the model s, 2 [s{, W T = \/—%[aé’“), oy adP T,
of signal in the DS-CDMA communication system is intro- 4 2 diag A, ..., Al is theK x K matrix of signal am-
duced. In Sec. 3, the proposed robust decorrelating detecblitudes,b(z’) 2 [by(i),...,bx(d)]7 is the K x 1 vector

tors are derived. Some implementation issues are addressegk he user’s bits in theth symbol interval andu (i) 2

in Sec. 4. Performance of various detectors is verified via [wo (4)

i),...,wnx_1(i)]T is the N x 1 vector of samples of

simulations in Sec. 5. In Sec. 6, some concluding remarksihe channel ambient noise whose elements are independent

are given.

2. SIGNAL MODEL

Let us consider an asynchronous DS-CDMA communica-
tion system withK active users operating with the coherent
binary phase-shift keying (BPSK) modulation format. The
waveformr(¢) at the input of the receiver can be modeled

as superposition of modulated data signals related to indi-

vidual users, and observed in additive channel neigg

K
r(t) = A
k=1

whereT, is the symbol interval and/ is the length of the
data frame of interestdy,, 7, {bx(¢);¢ = 0,1,..., M — 1}
and {s;(t);0 < t < T} denote the received amplitude,

M-1

> bi(i)sk(t —iTy — ) + w(t), (1)
i=0

delay, symbol stream and normalized signature waveform of

the kth user, respectively. For eagh{b; ()} is a sequence
of M independent binary random variables (RV) taking on
equiprobable values or —1. Signature waveform(t) is
supported on intervgD, T;], has unit energy, and is given

by

N—-1
si(t) = Z aPpr (t—nT.), te[0,T), (2
n=0
where N is the spreading facto{,aék), e a§5>_1} is the

binary-valued spreading code of thth user, ancbr, () is
the normalized chip waveform of duratidh = 7, /N.

and identically distributed (i.i.d.) random variables having
a non-Gaussian distribution.

2.1. Channel Noise Model

The statistical-physical models for electromagnetic radio
disturbances proposed by Middleton (class A, B, and C) [4]
are the most credited, but they are relatively complicated.
The class B, modeling highly impulsive phenomena, is a
particulary adequate noise model for wireless channels in
the urban environment, but this model is described by two
pdf functions, which are characterized by seven parameters
(six generic plus one empirical). For that reason, an approx-
imation for the class B should be considered. Thstable
model seems to be a very attractive model for this aim [11].
The symmetriav-stable §a.S) random variables, with

the location parameter equal to zero, are usually defined by

its characteristic function

®)

wherea € (0, 2] is thecharacteristic exponergnd~y > 0

is the scale parameter analogous to the variance, also called
the dispersionof the S«aS distribution [12]. The charac-
teristic exponenty measures "heavyness” of the pdf tails.
When the value ofv decreases, the tails become heavier.
For o = 1, the stable distribution is the Cauchy distribu-
tion, while fora = 2 is the Gaussian one. The stable distri-
butions witha # 2 havealgebraictails, and do not have
second-order moments. However, for these distributions

p(w) = exp(—y|w|?),

We restrict now our attention to the synchronous case of there exist finite moments of ordgr< «, calledfractional

model (1), i.e., we assumethgt=7m =--- =7 = 0. In
the synchronous setup, to detect the symbols aKalisers

in theith symbol interval it is sufficient to analyze the signal
which is received during thé&h signaling interval, i.e.

K
r(t) =Y Apbi(i)sk(t—iTy) +w(t), t € [iTy, (i+1)T}).

k=1
3)

At the receiver, signal (3) is chip-matched filtered and
sampled at the chip raté (7). As a result, we obtain the
discrete-time signal model which can be written in the fol-
lowing concise matrix form

r(i) = SAb(7) + w(i), (4)

wherer(i) is the N x 1 vector of the received sampled
signal,§ £ [s|---|sk] is the N x K spreading matrix,

lower order moment§~LOM). The stable distributions ful-
fill Generalized Central Limit Theore(for details see [13]
and [12]).

3. ROBUST DECORRELATING MULTIUSER
DETECTORS

The signal model (4) for a synchronous DS-CDMA sys-
tem can be considered as a linear regression model with
unknown K parameter®, = Aby, and can be rewritten

as

r=.560 +w, (6)

where@ = [01,0,...,0k]" is to be estimated (for sim-
plicity we drop argument). Classical solution of the linear
regression problem is obtained using the least-squares (LS)



method
N—1 K 2
0 e — : = (k) g
Ls = arg min nzo (r ;Sn L

@)

= argnbin |r— S0|>.

Differentiating cost functio, s(8;r) £ ||r — S8||? in (7),

one obtains a linear system of equations that, assuming that
signature waveforms of all users are linearly independent,

has unique well known solution given by

Os = (S78)"18Tr. (8)

The non-robust decorrelating detector consists of two stages:

LS estimator (8) and hard-limiter
b= sgn(fLs). ©)

If the distribution of noise vectotv is Gaussian, the
LS estimate and the maximum likelihood estimat® afre
identical, i.e. the LS estimator is optimal in the sense of
achieving the Cragr-Rao lower bound (CRLB). However,
even a slight deviation of the noise density from the Gaus-

sian distribution causes that the LS estimator loses its opti-

mality. In particular, the presence of impulsesiffiers) in

Further, we consider two approaches to synthesis of ro-
bust estimators: the maximum likelihood and the ldgst
norm approach.

3.1. Maximum Likelihood Approach
The likelihood function of the received signalunder the
true parameter@ is given by

A

K
(rifa) =In H Jfa ( Zsﬁk)9k>
- ®
=Y Infa <rn - ssfmk) (12)
n=0 k=1

wheref,(-) is the pdf of channel noise samples. There ex-
ists only one interesting for us pdf that can be defined in
closed form in the class af«.S distributions, namely the
Cauchy distribution:

g

= Sy

Therefore, we will assume that the Cauchy distribution is
representative for alf .S distributions, and derive for it the
ML-estimator. Maximization of likelihood function (12) is

(13)

the noise waveform causes a substantial degradation of Lgquivalent to solution of minimization problem (10) with

estimation accuracy.
In order to robustify the LS estimator against changes of

the noise distribution, Huber [10] proposed to replace a sum

the following penalty function

of squared residuals by a sum of a less rapidly increasingDerivative of (14) is given by

penalty functiorp(-) of residuals

R N-1 K
6 = arg min Z p <rn — Z s%k)9k> . (10)
n=0 k=1

To find an estimaté on the basis of observatiomsit is re-
quired now to solve the following nonlinear system of equa-
tions

ST(r — 80) = 0k, (11)
where functiony(-) is the derivative of penalty function
p(), andiyp(x) 2 [(x1),...,p(xk)]" foranyz € RE,
An appropriate choice of penalty functigri-) and corre-
sponding function)(-) determines a specific robust estima-
tor.

The minimax approach proposed in general case by Hu-

puL(z) = —In fo(2)| g = In(z? +~+2). (14)
_ falz) _ 2
YL (z) = — o)l T (15)

A similar approach to a different signal processing prob-
lem was presented in [14]. For the Cauchy noise, we obtain
the optimal solution. This solution, however, is suboptimal
for other values of.

3.2. Leastl, Norm Approach

The leastl, norm approach is well known in the field of
robust signal processing [15]. In the casene$table dis-
tributions, this approach has strong mathematical justifica-
tion that comes from the Zolotarev theorem [12]. TWim-
imum Dispersiorof error (MD) criterion for signals having
a-stable distributions corresponds to the minimum mean

ber, and adopted by Wang and Poor in [5] for the case of square error (MMSE) criterion for signals with the finite
minimax decorrelating detection, is derived with the assump-variance. Zolotarev theorem states that the dispersion of

tion that the noise pdf belongs to the class-abntaminated
Gaussian pdf’s. In case of thestable channel noise, it is
obvious that the choice of Huber penalty function is not op-
timal. In [7] and [8] this function was used far-stable
channel noise under the tacit and not justified formally as-
sumption that it will mitigate the effect of an impulsive chan-
nel noise.

SaS random variable is proportional to its FLOM of the
orderl < p < a. Thus, minimization of dispersion of the
estimation error is equivalent to minimization of ji#h or-
der moment

K p
Tn — Z Sy k k

k=1

Ovp = arg mlnE l<p<a. (16)




Moreover, the FLOMT < p < «a) of anSa.S RV describ-

(1) nonincreasing withz|, and (2) bounded for alt. Un-

ing the estimation error is a measure of distance betweenfortunately, functiong p(z) = |z|P~2 does not meet the

the true value and the estimated one in th@orm sense.
By analogy to the LS solution (7), we can now formulate
our robust estimation problem in the sense of the following
leastl,, norm criterion

N-1 P

Op = '
LP argmamz

n=0

K
Ty — Z sk g,

=1

l<p<a.

(17)
From (17) it follows that the appropriate penalty function
and its derivative are given by following expressions
Yip(x) = p o|" " sgn(z).

pre(z) = |z[?, (18)

4. IMPLEMENTATION OF ROBUST DETECTORS

As we mentioned above, finding of an estimafiesn the
basis of observations requires solution of nonlinear set of
equations (11). This task can be done with use of iterative
or recursive algorithms. In order to solve (11), we use the
Iteratively Reweighted Least Squa(&RLS) algorithm and
the Recursive Weighted Least Squaf®8VLS) algorithm.

4.1. lteratively Reweighted Least Squares Algorithm

The IRLS algorithm is very often used for calculation of
robust estimates of linear regression parameters [15]. An
initial estimated, for this algorithm is the LS solution (8).

In consecutive iterations= 1,2, ... we firstly compute the
vector ofresidual errors

e =r— STél, (19)
and then we create a diagonatight matrix
W, = diag {¢(e))}, (20)

where ¢(-) is aweight function related to robustification
functioni(-), and defined as

Y

(z

).

$(x) £ (21)

X
The weight matrixW; is now used for updating the vector
of estimated parameters

N —1

141 = (STWZS> STWr. (22)
lterations are stopped, 0,41 — 6] < &, whereé is a
small number, or after arbitrarily specified number of steps.

There are two convergence conditions for the IRLS al-
gorithm [15]; namely the weight functios(z) should be:

second condition and usually has been replaced by

dLp(r) = {

wheree is a small positive number. Computational com-
plexity of the IRLS algorithm is of the ordéV K2 + K3).

for
for

a2
eP—2

|z] > €,

o] < e, (23)

4.2. Recursive Weighted Least Squares Algorithm

The adaptive structure of the decorralating multiuser detec-
tor was firstly proposed in [16], where thecursive Least
SquaregRLS) algorithm for recursive estimation éfhas
been used. In this paper, we propose to use the RWLS algo-
rithm for robust recursive estimation 6fin the presence of
thea-stable channel noise. The task consist in minimization
in each stem the following cost function

n

Jrwis(n) £ Z X" p(ey),

=0

(24)

where\ € (0, 1] is theforgetting factorande,, is thea poste-
riori estimation error

K
€n =Ty — sg’c)ékn:rn—EZén, n=0,...,N—1,
k=1
R (25)
where®@,, is the vector of estimated parameters:th step
T
ands, = 55})7...,353’() . Following the derivation of

the RLS algorithm [17, pp. 563-569], we obtain RWLS al-
gorithm in which main recursion is given by

én = énfl + kn£n7 (26)
where¢,, is thea priori estimation error
gn =Tn — §£9n—1 (27)
andk,, is theKalman gain vector
P’!L— 77L
kn 2 (28)

- )‘ (b_l(gn) + gg;Pnflgn ’

The matrixP,, is a recursive estimate of the matrix inverse
to the weighted autocorrelation matriof spreading sig-
nals. P,, is updated in consecutive stepsccording to the
recursion
1
A
Specification of the(-) function in (28) leads to special
cases of the RWLS algorithm. Fany (z) = ¥ (z)/x
(see (15)), we have thRecursive Maximum Likelihood
(RML) algorithm. Choosingp p(z), we obtain theRecur-
sive Least/, norm (RLP) algorithm. The computational
complexity of RWLS-type algorithms is of the ord&i?.

P,=—[P,1—k,8 P, 1]. (29)
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5. SIMULATION RESULTS 10 ‘ ‘ ‘ : ‘
© LS _é]
=7 LPIRLS ,D‘
In order to compare the proposed robust decorrelating de- . g‘ LIRLS ,'
tectors with the classical linear decorrelator, the DS-CDMA 10 = RuL i i d ;
system withK' = 7 active users and spreading g&in= 31 [ T V_Er,a’ R pt
was simulated. The spreading sequence of each user is a 102 g g BB g-T —V’V‘V’
shifted version of ann-sequence. The signal amplitudes o~ 4.2 % _V_V_V—V‘V’V
Ay, of all users were equal to 1. In all experiments, robust @ | o w-v V7

regression estimates were calculated using the IRLS algo- 10’:W

rithms (LP IRSL and ML IRLS) with the maximum number

of iterations equal to 31, as well as using the RLP and RML

algorithms with\ = 1. The value of the channel noise char-
acteristic exponentr was 1.5. For the LP IRLS and RLP
algorithmsp = 1.3.

BER

0 5 10 15 20
GSNR [dB]

Fig. 1. Bit error rate of user 1 in DS-CDMA system with
equal powers of received signals of all usefé; = 31,
K=7a=15

In Fig. 1, the bit error rate (BER) of the user 1 as func-
tion of the Geometrical Signal-to-Noise Rati@SNR) is

3

_N
10 W7

-5 I L I L L
0 5 10 15 20 25 30
NFR [dB]

10

Fig. 2. Near-far resistance of decorrelating detectors;
GSNR ofuserlisequalto15dBY =31, K =7, = 1.3

equal signal powers. F@&SNR = 15 dB and K > 15,
the best performance is offered by the ML adaptive detector
based on the RML algorithm.

In Fig. 2, BER performance of the user 1 as function
of the Near-Far Ratio(NFR) is shown. NFR is defined as
a ratio of powersd?, k = 2,...,7 of interfering users
(in the considered case all interferers have the same power)
to power A7 of the desired user 1. GSNR of the user 1 is
equal 15 dB. The characteristic exponentYiS channel
noisea = 1.3. The parametep in the case of LP detectors
equals 1.2. From Fig. 2 it follows that the linear decorrela-
tor and iterative robust decorrelating detectors are near-far
resistant. Unfortunately, BER of robust adaptive detectors
grows with NFR. FoilNFR > 25 dB, the linear decorre-
lator outperforms the robust detector based on the RML al-
gorithm. Poor performance of robust adaptive detectors re-

depicted. GSNR is a generalization of the conventional sults from the fact that RLP and RML algorithms (especially
SNR for signals with infinite variance [18], and for the user 1 RML) have slow convergence for relatively large values of

is defined as

A2
GSNR = 10log | —s—"—— ], 30
g <2C§2/a—1)72/a> (30)

whereCy = exp(C.) =~ 1,78. C. is the Euler constant. It
can be seen that for th#S channel noise all robust detec-

thea priori estimation errog,, arising in the case of a strong
near-far effect. Appearance of many large valueg,oh a
short data record (we haweé samples of the received signal
for each adaptation process connected withithesymbol
interval) causes that values of the weight function are close
to zero, and for many steps the recursion (28) is not updated.

tors significantly outperform the classical linear (LS) decor- This effect manifests more clearly in the case of the RML
relator. Furthermore, for the assumed simulation parame-algorithm, because functiopy(x) decreases faster than
ters, iterative detectors perform better than adaptive ones@Lp(z) for large values ofz.

and LP detectors behave more reliable than ML detectors.

The BER curves of the user 1 as functions of character-

The best performance is provided by the iterative LP detec-istic exponentx of the channel noise are plotted in Fig. 3.
tor. A more detailed simulation analysis shows that relations The signal powers of alk’ = 7 users are equalzSNR =
between performance of robust detectors depend simultanei0 dB. The parametes for LP detectors was calculated ac-

ously on the GSNR and the numb&rof active users with

cording to the following rulep = a — 0.1. Itis seen from
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Fig. 3. Bit error rate of user 1 as function of characteristic
exponenta; N = 31, K = 7, GSNR = 10 dB, equal

powers of received signals of all users -

Fig. 3 that performance of the linear decorrelator strongly [8]
depends on impulsiveness of the channel noise. The fastest
changes of the BER curve for this detector are seen for
a € [1.8,2]. This confirms that the linear decorrelator is
very sensitive to presence of an impulsive noise.

Fora > 1, LP detectors outperform ML detectors. For
a < 1, we have an opposite situation. This follows from
the fact that LP detectors are designed onlylfet p < « [10]
(see (17)), and theoretically they should not operate when 11]
the characteristic exponent of the channel noise is less tharg
1. Fora € [1,2], performance of ML detectors only slightly
depends om. This justifies the assumption that the Cauchy
distribution is a representative distribution for thestable
noises withae > 1. Fora — 2, LP detectors perform like
the LS detector.

(12]

(13]

6. CONCLUDING REMARKS [14]
In this paper, new robust decorrelating detectors for DS-
CDMA communication systems with the non-Gaussian

stable channel noise have been presented. The proposed dgt5]
tector schemes are derived using the léasiorm criterion

and the maximum likelihood criterion with assumption that

the noise has the Cauchy distribution. The results of simu-[16]
lations have shown that robust detectors offer a significant
performance improvement over the linear decorrelator. Fur-
thermore, good performance of all proposed robust detec-[17]
tors is guaranteed for a wide range of values of the char-
acteristic exponent that determines impulsiveness of the [18]
channel noise. It also shown that the proposed iterative ro-
bust detectors are near-far resistant.
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